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New ZealandWe present a general framework for probabilistic landslide hazard analysis. With respect to other quantitative
hazard assessment approaches, this probabilistic landslide hazard analysis has the advantage to provide hazard
curves and maps, and to be applicable to all typologies of landslides, if necessary accounting for both their
onset and transit probability.
Themethod quantiﬁes, for a given slope location, the exceedance probability of being affected by a landslidewith
a speciﬁc local intensity within a reference time interval, i.e. the hazard curve, under the common assumption
that landslides behave as a Poisson process. Hazard maps are calculated, reducing the hazard curve to single
values by choosing a ﬁxed probability of exceedance following standards or regulation requirements. The meth-
od is based on the assessment of a landslide onset frequency, a runout frequency for long-runout landslides, and
the local deﬁnition of landslide intensity, which can be expressed through different parameters, according to
landslide typology. For long runout landslides, the runout and spatially-varying intensity and uncertainty are
considered.
Hazard curves andmaps play a fundamental role in the design and dimensioning ofmitigation structures, in land
planning and in the deﬁnition of risk and hazardmanagement policies. Starting from the general framework, we
apply the methodology for rockfall hazard analysis, and we test it in an area affected by the Christchurch 2011
earthquake, New Zealand, which triggered a large number of rockfalls, killing ﬁve people.
© 2014 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-SA license
(http://creativecommons.org/licenses/by-nc-sa/4.0/).1. Introduction
Landslide hazard expresses the probability that a landslide with a
certain intensity can occur in a certain location within a given period
of time [ISSMGE Glossary of Risk Assessment Terms, http://140.112.12.
21/issmge/2004Glossary_Draft1.pdf]. This deﬁnition underlines that
hazard is a function of intensity. This function is usually known as
hazard curve, in the literature generally related to seismic risk
(Frankel et al., 1996), windstorms and ﬂoods (Grünthal et al., 2006)
and tsunamis (PTHA, González et al., 2009; Annaka et al., 2007; Liu
et al., 2007; Geist and Parsons, 2006). While the concepts of intensity
and magnitude are well deﬁned for these threats, the terms are not
always really and easily formalised for landslides. A formalization was
proposed by Hungr (1997), and some clarifying advices have been
expressed in some recommendations for landslide risk assessment
(e.g. OFAT-OFFE-OFEP, 1997; AGS, 2007; Fell et al., 2008; Corominas
et al., 2014). In most cases, however, intensity is used as a general
term, which can include different concepts, such as size, volume,
velocity, energy. Magnitude is frequently used to describe the size of a
landslide in terms of volume (e.g. Hungr et al. 1999; Marchi and
D’Agostino, 2004; Jakob and Friele, 2010; Santana et al, 2012) or area. This is an open access article under(e.g.: Hovius et al, 1997; Stark and Hovius, 2001; Dussauge et al,
2003; Malamud et al., 2004; Guthrie and Evans, 2004).
A low consensus on the use of terms derives from the fact that land-
slides include different phenomena, which can be described by different
parameters. Due to the objective difﬁculty to generate hazard curves for
landslides, a reasonwhy they are extremely rare in the landslide risk lit-
erature, the selection of an intensity parameter is still an important
issue. Intensity should correspond to a measure of “damage potential”.
Hence, it should not express the size of a landslide, but its destructive
power. On the other hand, the frequency of landslides is often related
to their size and not necessarily to their destructive power, expressing
the magnitude of the events, more than the intensity (e.g., Hungr et al,
1999; Dussauge et al, 2003).
The concepts ofmagnitude and intensity applied to landslides can be
clariﬁed referring, in analogy, to earthquake engineering. For earth-
quakes, the magnitude expresses the energy released by the single
event, and can be considered a description of earthquake “size”.
Magnitude–Frequency relationships (also known as Gutenberg–
Richter’s law) are used to characterize the frequency of occurrence of
earthquakes with different magnitude (Gutenberg and Richter, 1942).
However, ground motion parameters or functions (e.g., peak ground
acceleration, peak grounddisplacement, spectral acceleration), express-
ing the local intensity of the earthquake, are needed to assess damages
by using fragility curves (i.e., the probability of exceeding a giventhe CC BY-NC-SA license (http://creativecommons.org/licenses/by-nc-sa/4.0/).
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2011). To calculate the local ground motion, attenuation relationships
as a function of distance from the earthquake epicenter andmagnitude,
are used, also accounting for uncertainty.
Techniques to derive hazard for each location along a slope can be
different as a function of the typology of the landslide and the scale of
the analysis. For local scale analysis of single landslides it is possible to
simulate various scenarios considering different volumes (but also dis-
placement or velocity, especially for already existing landslides with
known volume) and associated probabilities (i.e., M–F relationships)
through numericalmodels in order to determine the spatial distribution
of intensity during landslide movement (Archetti and Lamberti, 2003;
Friele et al, 2008). Hence, for each location along the slope it is possible
to build the hazard curve by adopting the frequency values provided by
M–F relationships and the intensities calculated by the model. This ap-
proach is also adopted for snow avalanches (Keylock et al, 1999;
Keylock and Barbolini, 2001). In these methodologies, however, the un-
certainties involved in modeling the landslide dynamics are not taken
into account. If uncertainty is considered, the intensity at each location
along the slope cannot be expressed as a single value for each magni-
tude scenario, but as a frequency distribution of values. To characterize
this distribution, a simple statistic is normally used, such as the arith-
metic average (Agliardi et al 2009), the maximum value (Gentile et al,
2008; Calvo and Savi, 2009), or a speciﬁc percentile (95th in Spadari
et al., 2013; 90th in Lambert et al., 2012). In these cases, the hazard
curves are obtained by associating these unique values of intensity to
corresponding scenario frequencies derived from M–F relationships.
However, these approaches introduce a strong assumption about the
distribution of intensity, because the arithmetic mean is representative
only for normally distributed intensity, the maximum value can reﬂect
outliers of the distribution, and the percentiles may strongly overesti-
mate the actual hazard.
The aim of the paper is to propose a probabilistic methodology for
the assessment of hazard connected to all typologies of landslide, quan-
tifying the probability of exceeding various intensities at a site (or amap
of sites) given all possible events. In the second section we present the
general framework for landslide probabilistic hazard analysis. In the
third section, we discuss its applicability to all landslide typologies. In
the fourth section, we decline the methodology to rockfall hazard anal-
ysis and we investigate the nature of the intensity distribution for rock-
falls bymeans of parametric numericalmodeling. In theﬁfth section,we
present an application of themethodology to the area of Richmond Hill,
Port Hills, Christchurch, New Zealand.
2. A general framework for landslide hazard analysis
The landslide hazard assessmentmethodology here proposed is con-
ceptually derived from the numerical/analytical approach formalized by
Cornell (1968) for probabilistic seismic hazard analysis (PSHA), which
integrates over all earthquake scenarios, allowing to estimate the likeli-
hood of exceeding selected ground motion parameters (generally peak
ground acceleration, PGA) at a given site, within a reference time
interval.
For each position along the slope, z, the probability of exceeding a
certain value of landslide intensity, i, is
P INið Þ ¼
Z∞
Ic
p Ið ÞdI ð1Þ
where p(I) is the probability density function of landslide intensity at
the position z. This function reﬂects the stochastic nature of intensity,
whose values can vary for each position along the slope, due to the un-
certainty about the models used to simulate the intensity, and the tem-
poral and spatial variability of the landslide behavior. The shape of the
probability density function can be different (e.g., normal, log-normal), based on both the nature of the physical processes and the
types of uncertainty.
Multiplying the exceedance probability by the annual frequency of
occurrence f, we obtain the annual rate atwhich i is exceeded, F(I N i) as:
F INið Þ ¼ f  P INið Þ ð2Þ
The annual frequency of occurrence, f, can be calculated for landslides
by direct or indirect approaches (Picarelli et al., 2005; Corominas and
Moya, 2008). Direct approaches are based on the analysis of available
historical data of past landslides, which can also be related to geology,
geomorphology, and other factors (Moon et al., 1992; Cruden, 1997;
Jaiswal et al, 2011; Geist et al, 2013). Indirect approaches derive the land-
slide frequency from triggering factors, such as rainfall intensity and du-
ration (Sidle et al., 1985; Crozier, 1997; Dai and Lee, 2001; Schuster and
Wieczorek, 2002; D’Odorico et al., 2005; Rosso et al., 2006; Salciarini
et al., 2008; Frattini et al., 2009), or earthquake (Del Gaudio et al.,
2003; Rathje and Saygili, 2008).
In case landslides scenarios with different magnitude potentially
occur in a certain position along the slope, the total annual rate at
which i is exceeded, Ftot (I N i), derives from the sum of all scenarios, s.
Ftot INið Þ ¼
XN
s¼1
f sPs INið Þ ð3Þ
By assuming a homogeneous, stationary Poisson process for the
occurrence of the events (Crovelli, 2000), the probability of
exceeding each intensity i in the next T years from this annual rate,
Ppoiss, is:
Ppoiss INi; Tð Þ ¼ 1−e−Ftot T ð4Þ
This represents the hazard curve for each position along the slope.
In order to represent hazard through a hazardmap, it is necessary to
reduce the hazard curve to a single value for each position. This is typi-
cally done by choosing the intensity value having a 10% (or 2%) chance
of exceedance in 50 years (as done for earthquakes, Frankel et al, 1996).
As a consequence, a map of these values for the region of interest can
then be generated.
In the literature, the probability of landslides is frequently expressed
in terms of annual frequency (e.g. Hungr et al., 1999) or return time, im-
plicitly assuming a binomial occurrence probability model, for which, in
fact, the exceedance probability equals the annual frequency.While this
assumption holds in case of rare events (e.g. large rock avalanches), it
can be violated for frequent events (e.g. rockfalls, debris ﬂows, landslide
reactivations) (Crovelli, 2000).
The use of a stationary Poisson process for the occurrence of the
events implies the assumptions that the rate of occurrence of landslides
is constant in time, and that the probability of more than one event in a
small time interval is order of magnitudes lower than the probability of
just one event (Straub and Schubert, 2008). The recurrence time of
landslides deviates from that expected for a stationary Poisson process
at short recurrence times, due to a temporal clustering effect, resulting
from climatic conditions and/or seismic triggers (Geist and Parsons,
2008; Tatard et al, 2010; Witt et al, 2010). In this case, the occurrence
ratemay increase slightly immediately after an event, but is that of a sta-
tionary Poisson process on a larger timescale.
A time-varying occurrence rate howevermay be introduced,with an
increase of the complexity of the analysis, as done for other hazards
(Ogata, 1999; Parsons, 2008).
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of landslide
According to landslide typology, the treatment of intensity can be
different as a function of landslide dynamics. In particular, we can
distinguish two main categories: slow moving landslides and fast
long-runout landslides (rock avalanches, debris ﬂows, rockfalls).
For slow-moving landslides, intensity is generally expressed in
terms of displacement rate (Hungr, 1981; Mansour et al., 2011;
Frattini et al, 2013), total displacement (Rathje and Saygili, 2008;
Picarelli, 2011), or differential ground deformation (Bird et al, 2005;
Negulescu and Foerster, 2010). Displacement rate, however, represents
a velocity, and has to be referred to a speciﬁc time interval to express
the effective intensity of a landslide. It could rather be useful in
assessing the potential lifetime of facilities built on slowly moving
sloping grounds, or in deﬁning the time interval spanning consecutive
maintenance operations (Picarelli, 2011). For each location, intensity
can be described as a distribution of values (Eq. (1)) to account for the
uncertainty related with the simulation of the behaviour of the
landslide. In case of active landslides showing a continuous and slow
downslope movement, in some cases due to periodic reactivations of
existing instabilities (e.g., earth ﬂows, earth slides, and DSGSDs), the
intensity has necessarily to be referred to a deﬁned time interval. This
has to be consistent with the time T adopted for the Poisson probability
(Eq. (4)). For hazard analysis of potential unknown landslides, multiple
scenarios with different volumes and/or sliding surfaces should be
integrated (Eq. (3)). For each scenario, a frequency of occurrence has
to be calculated (Eq. (2)). On the other hand, for hazard analysis of
single known landslides, the integration of different scenarios
(Eq. (3)) is not required.
Fast long-runout landslides (e.g., debris ﬂows, rockfalls, rock- and
debris- avalanches) are characterized by onset and propagation
processes, controlling the probability and the intensity of a landslide
at a speciﬁc point in space (Pierson et al., 1990; Cancelli and Crosta,
1993; Jaboyedoff et al., 2005; Agliardi et al, 2009).
Intensity can be expressedwith different parameters according to
the landslide typology: kinetic energy for rockfalls (Corominas et al,
2005; Jaboyedoff et al, 2005; Agliardi et al, 2009); peak discharge
(Jakob, 2005), velocity (Hungr, 1997; Bovolin and Taglialatela,
2002; Calvo and Savi, 2009) or depth (Shih et al, 1997; Borter,
1999; Fuchs et al, 2007) for debris ﬂows, rock avalanches or debris
avalanches. Landslide intensity signiﬁcantly varies along the path
of movement, or trajectory, and from one path to another for the
same landslide size and source area. Moreover, landslides withFig. 1. Flow chart of hazard assessment methodology applied to rockfalls.different intensity can converge from different sources. Hence, for a
certain position, the intensity needs to be described as a distribution
of values (Eq. (1)).
Onset frequency, fo, is a function of the volume of landslides (i.e., MF
relationship) and it depends ongeological,morphological, geomechanical
and hydrological conditions controlling the stability of the slope. Propaga-
tion or transit frequency depends on the path ofmovement, or trajectory,
and on where moving material will come to rest. These are controlled by
several factors such as slope geometry, slopematerials, slide volume, size
and shape of blocks, and changes in material properties (e.g. water con-
tent, entrainment). Due to a large epistemic uncertainty about these fac-
tors, the simulation of landslide propagation is affected by a certain
degree of uncertainty, which should be considered for the assessment
of transit frequency. This can be done by using stochastic models that,
given a landslide detachment, could simulate a number of possible
paths. Moreover, the convergence of different paths to a certain point
can be simulated by 3D models (Chen and Lee, 2003, 2007; Crosta et al.,
2004; Hungr et al., 2007; Hungr, 2009). The modeled transit frequency,
ft, should be calculated as the number of potential paths passing through
a position, t, normalized by the total number of simulated paths from
single or multiple sources, ttot,:
f t ¼
t
ttot
 
ð5Þ
As a consequence, the frequency at a certain position, f, for long-
runout landslides in (Eq. (2)) is:
f ¼ f o  f t ð6Þ
4. Methodology for rockfall hazard assessment
An interesting and complex example of the probabilistic landslide
hazard analysis can be the case of rockfall process. Rockfalls are charac-
terized by a high mobility, and the intensity calculated at each point
along the slope is affected by a large uncertainty about the elasto-
plastic properties of material at impact, the roughness of the slope,
and the effect of vegetation. Therefore, they represent a class of phe-
nomena, which are affected by most of the discussed aspects and can
be a good example for testing theproposed landslide hazard assessment
method. Starting form Frattini et al. (2012), we present a methodology
that can incorporate both uncertainty and multiple sources. The meth-
odology consists of three steps: (1) computation of onset annual fre-
quency, (2) modeling of rockfall runout and spatially varying kinetic
energy, and testing its distribution at each location along the slope
and (3) performing a probabilistic analysis, which integrates over all
rockfall volume scenarios to produce rockfall hazard curves including
different probabilities for different block sizes and different source
areas. These give an estimate of the probability of exceeding values of
kinetic energy, at each location, within a reference time interval. Even-
tually hazard maps can be derived from hazard curves, choosing a
ﬁxed annual exceedance probability value.
Themethodology for rockfall hazard analysis is summarized in Fig. 1.
4.1. Onset frequency, fo
Onset frequency of a rockfall, fo, is a function of magnitude, and can
be expressed in terms of magnitude frequency relationships, MCF,
where magnitude is expressed in terms of rockfall volume, v (Hungr
et al. 1999; Dussauge et al. 2003). These relationships can be developed
from surveyed historical events, or derived from the existing literature
(e.g. Hungr et al. 1999; Chau et al., 2003; Guzzetti et al., 2003; Guthrie
and Evans, 2004).
Fig. 2.Model setting: a) artiﬁcial slope and position of sampling planes (in red) b) point source (in blue) c) two point source, transversal disposition d) two point source, longitudinal dis-
position e) linear source f) areal source.
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using:
f o ¼ N VNvð Þ ¼
N0
T
V
V0
 −b
ð7Þ
where N(V N v) is the cumulative number of events with volume larger
than v for a catalogue of duration T; N0 is the total number of the ob-
served events with volume larger than the lower bound V0. N0 depends
on both the area extent and the overall susceptibility of the cliff, where-
as the power law exponent, b, mainly depends on lithology and geolog-
ical structure (Hungr et al., 1999).
For a rigorous analysis, it should be necessary to deﬁne an MCF for
each potential source area, because this can vary according to local geo-
logic and morphologic characteristics. Practically, this local analysis is
generally impossible because the historical catalogues used to obtain
MCF curves are deﬁned for large areas with different geological and
geomechanical settings as well as type and size of external perturba-
tions in order to have a statistically signiﬁcant number of events.
4.2. Transit frequency and hazard curve
For the assessment of transit frequency it is necessary tomodel rock-
fall dynamics either byusing empiricalmethods (e.g. the “shadow cone”
method, Evans and Hungr, 1993) or by simulating free-fall, impact,
bouncing and rolling motions by the use of kinematic (e.g., Stevens,
1998), hybrid (Pfeiffer & Bowen, 1989; Jones et al. 2000; Crosta et al.
2004) and dynamic mathematical models (Descouedres and
Zimmermann, 1987; Azzoni et al. 1995) in a 2D or 3D space.
The simplest intensity parameter to consider is total kinetic energy,
Ek. Its distribution at each position on the slope (i.e. each cell) should be
evaluated, in order to apply Eq. (1) in a correct form.Table 1
Values of the model parameters for rockfall modeling on
the artiﬁcial slope. en = normal restitution coefﬁcient;
et = tangential restitution coefﬁcient; Tan Фr = rolling
friction coefﬁcient.
Model parameters Value
Block shape sphere
Radius 4.5 m
et 0.8
en 0.4
Tan r 0.34.3. Distribution of intensity
The kinetic energy of a rockfall signiﬁcantly varies along the trajecto-
ry, and from one path to another. Hence, for a given initial rockfall mag-
nitude (i.e., volume), a continuous change of intensity (i.e., kinetic
energy or dynamic pressure) along the path occurs. At the same time,
due to the possible convergence of many trajectories in a speciﬁc
place, different values of local intensity can be observed at a certain lo-
cation. The uncertainty associated to runout is accounted in the model
by using a stochastic approach for the damping parameters used in
the simulations. At each impact and during rolling motion, the rockfall
loses energy according to the values of restitution and friction coefﬁ-
cients, which are selected randomly from pre-deﬁned stochastic distri-
butions. The propagation of each block along the slope can be seen as a
series of impacts and rolling, for which a stochastic variation is assigned
to the coefﬁcients of restitution and friction, using a normal distribution.
Hence, the whole propagation is a sequence of products among the ini-
tial kinetic energy of the block and the restitution coefﬁcients randomly
sampled from a normal distribution. For the Central Limit Theorem, the
product of random variables that are normally distributed approaches a
log-normal distribution. Hence, from a theoretical point of view and for
the simplest cases, we could expect the kinetic energy to be log-
normally distributed. However, since these distributions in the pro-
posed methodology have a strong importance, conditioning the correct
use of Eq. (1) in the correct form, the hypothesis of log-normality of ki-
netic energies of blocks at a speciﬁc transit spot must be veriﬁed before
the implementation of the probabilistic analysis.Fig. 3. Kinetic energies and location of block impacts along the sampling plane # 5, two
point source, transversal disposition.
Fig. 6.Magnitude cumulative frequency distributions (MCF) of block volumes fallen dur-
ing 2011 Christchurch earthquake (fromAurecon, courtesy from CERA, Canterbury Earth-
quake Recovery Authority), with respect to 500 and 2500 years return time earthquakes.
Probably, the smallest blocks were undersampled, such as the largest ones, due to block
fragmentation. Blocks within the 0.5–10.5 m3 volume range are supposed to be correctly
sampled. 950 m3 outlier block is not represented.
Fig. 4. Percentages of sampling planes showing a log-normal distribution of kinetic energy
of transiting blocks for different variations of restitution coefﬁcients values and different
source type: 1P = one point source, 2PH = two point sources horizontally distributed,
2PV = two point sources vertically distributed, L = linear source, A = areal source.
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To verify the distribution of kinetic energy of blocks falling along a
slope under controlled conditions, a set of rockfall simulation experi-
ments was performed by means of the numerical model HY STONE
(Crosta et al., 2004). The code provides kinetic energy and velocity of
the blocks at each sampling point. It allows to simulate the motion of
non-interacting rocky blocks in a three-dimensional framework. It is
based on a hybrid (mixed kinematic–dynamic) algorithmwith different
damping relationships available to simulate energy loss at impact or by
rolling. Slope topography is described by a raster DEM, and all the rele-
vant parameters are spatially distributed. The stochastic nature of rock-
fall processes and the variability of parameters are introduced by
random sampling most parameters from different probability density
distributions (e.g. uniform, normal, lognormal, exponential). Block
fragmentation and visco-plastic impact algorithms (Di Prisco andFig. 5. 325mapped blocks and rockfall sources in the area of Richmond Hill, Christchurch,
N.Z. From Christchurch City Council.Vecchiotti, 2006) are also included in the code. Effects of impact on
structures (i.e. buildings), nets (countermeasures) and trees can be
evaluated. The rocky block is described as a solid geometric shape
with a certain volume and a certain mass.
To test the distribution of kinetic energy of blocks, a simple artiﬁcial
slopewas considered. This 3m×3mgridded slope is 620m long,with a
slope gradient of 37°, followed by a ﬂat terrain sector (Figure 2). The use
of such a simple slope allows to exclude the effects of: complex
morphology (i.e. curvatures, convergences, slope changes), roughness
variation, presence of vegetation in order to explore the effects of sto-
chastic variation of restitution and friction coefﬁcients, and the effect
of convergence of trajectories of blocks from different sources. Different
simulations were performed considering different source cells located
at the top of the slope. 1000 blocks were launched from a single point
source area, 500 blocks from two transversal or longitudinal point
source areas, 100 blocks fromeach source cell of a linear and a polygonal
source area (Figure 2, Table 1).
The distribution of kinetic energy values is analyzed at different po-
sitions, along 10m long transversal planes equally distributed along the
slope every 60m (Figures 2 and 3). Kolmogorov–Smirnov test was used
to explore the log-normality of the results.
To explore the effect of the stochastic nature of the rockfall process
and the uncertainty of the relevant parameters, different values of stan-
dard deviation (0.05, 0.2 and 0.5) were introduced in the experiments
by randomly sampling from a normal distribution the restitution and
rolling friction coefﬁcient values.
To explore the effect of convergence of multiple trajectories, coming
from different sources, the position and typology of the source area
were varied. Several experiments have been performed for different
source area conﬁgurations: a single point-source (Figure 2b), two
transversally distributed point sources (Figure 2c), two longitudinally
distributed point sources (Figure 2d), a linear source (Figure 2e), and
an areal source (Figure 2f).
In most experiments, the distributions of kinetic energy values at
each sampling plane resulted to be log-normal, as hypothesized before
(Figure 4). The higher the variation of the restitution and friction coefﬁ-
cients, the higher the number of lognormal distributions. This conﬁrms
that a log-normal distribution derives from a stochastic process, as hy-
pothesized before from a theoretical point of view.
When the source areas are linear or are represented by two points,
the percentage of cells presenting a log-normal distribution of kinetic
Table 2
Rockfall volume scenarios and related frequencies of occurrence, fo, referring to earth-
quakes with 500 and 2500 years return time (Tr).
Scenarios 1 2 3 4 5 6
Range of
volume (m3)
0.001–0.01 0.01–0.1 0.1–1 1–10 10–100 100–1000
fo (Tr 500) 195.28 16.243 1.351 0.11237 0.009347 0.00077747
fo (Tr 2500) 39.42 3.279 0.273 0.02268 0.001887 0.000157
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tories is very similar, especiallywith a small variation of the parameters.
Hence, the kinetic energy values tend to be almost constant. On the
other side, areal sources introduce an effect of superimposition of nu-
merous trajectories characterized by very different paths. This effect
tends to produce a large variety of distribution shapes (e.g. Weibull, lo-
gistic, log-logistic).
In conclusion, the distribution of rockfall intensity falling along an
ideal slope can be considered,with a good approximation, as lognormal,
especially considering linear source areas.
In real slopes, further morphometric parameters and slope variabil-
ity (e.g. heterogeneous materials, different land uses) could inﬂuence
this result, which will have to be tested in the speciﬁc case.
In this case study, under the evidence that intensity approximately
has a lognormal distribution, the equation for the probability density,
Ps (lnEk) can be expressed as:
Ps lnEkð Þ ¼
1
σ s
ﬃﬃﬃﬃﬃﬃ
2π
p e−
ln Ek−μsð Þ2
2σs ð8Þ
and the probability of exceeding each lnI, Ps(N ln I) as:
Ps N lnEkð Þ ¼
1
σ s
ﬃﬃﬃﬃﬃﬃ
2π
p
Z∞
lnEk
e−
ln Ek−μsð Þ2
2σs d lnEk ð9Þ
The total annual rate of exceeding each i, Ftot (I N i) is obtained summing
over all N scenarios, according to Eq. (3).
5. Case study
On February 22, 2011, a 6.2 Mw earthquake took place in New
Zealand, having its epicenter in a zone with high seismicity, approxi-
mately 6–10 km south–east of Christchurch. Hundreds of rockfalls
were triggered in Port Hills (65 km2), around Christchurch, where the
population density is almost 260/km2. At least ﬁve people were killed
by falling rocks, and several hundredhomeswere evacuated. The specif-
ic seismic history, the slope morphology, the lithology, and the signiﬁ-
cant population density make of this area a potential rockfall high-risk
hot spot. This claims for quantitative hazard assessment, which is neces-
sary to evaluate risk for people and structures. The availability of quan-
titative data related to earthquakes, fallen block positions and volumes,
allows a straightforward application of the proposed methodology for
quantitative probabilistic hazard analysis.Table 3
Parameters used in rockfall modeling for the Richmond Hill area, Christchurch, N.Z.
Model parameters Value
Block shape Sphere
Radius 6 scenarios (Table 2)
Density 2700 kg/m3
et Spatially distributed (Supplemental Figure 1s)
en Spatially distributed (Supplemental Figure 2s)
Tan Φr Spatially distributed (Supplemental Figure 3s)In this study, we test themethodology in the southern slope of Rich-
mond Hill, which is located 6 km far from the epicenter, and covers an
area of 0.6 km2. After the earthquake, 325 fallen blocks have been
mapped along the slope (Christchurch City Council) (Figure 5)with vol-
umes ranging from 0.027 to 15.8 m3, with an outlier block of 950m3. By
using this dataset, we derived the MCF curve (Figure 6) by ﬁtting
through Least Square Regression the cumulative frequency of blocks
ranging in volume between 0.6 and 14m3, obtaining a power-law expo-
nent b =−1.07 (R2 = 0.993), which is similar to others found in the
literature (Malamud et al, 2004). We ﬁtted the frequency within this
range because we observed a deviation from power-law for larger and
smaller blocks (Massey et al., 2012).
The onset frequency was obtained by combining the size distribu-
tion of surveyed blockswith the Christchurch earthquake recurrence re-
sponsible for rockfall triggering. We assumed that the probability of
rockfalls in the study area is controlled by earthquake occurrence prob-
ability, neglecting other triggering causes.
To assign a return time to the Christchurch earthquake, the response
spectra measured at three recording stations located close to the study
area and derived from EQC-GNS Geonet, were compared with the
NZS1170 (2004) elastic design spectra (Kam and Pampanin, 2011).
The Christchurch earthquake acceleration spectra lie between 500 and
2500 years return time. To account for the uncertainty related to the
deﬁnition of the return time, these return times were used to calculate
upper and lower rockfall hazard (Table 2 and Figure 6). For both of
them, fo was calculated for six scenarios of block volume applying
(Eq. (7)), with N0T equal to 213 and 43 blocks for 500 and 2500 years
as T, respectively. These upper and lower frequency bounds were calcu-
lated by dividing the total number of blocks obtained using the MCF
curve for a volume ranging between 0.001 and 1000 m3 by the two re-
turn times. This volume range reﬂects the size of blocks mapped after
the event in the entire Port Hills area (Massey et al., 2012). In the fre-
quency calculation, we assume that only earthquakes with the magni-
tude of the event (Mw = 6.2) can trigger rockfalls. This could induce
an underestimation of the upper frequency bound (N0T =213 blocks),
since rockfalls can also be triggered bydifferentmagnitude earthquakes,
either smaller or bigger (Keefer, 1984; Massey et al., 2012). However,
the upper frequency bound is calculated with a conservative return
time of 500 years, thus partially compensating this underestimation.
In fact, the expected number of blocks here calculated is larger than in
Massey et al. (2012).
The frequency, fs, and the spatially variable distribution of kinetic en-
ergy were obtained through 3D runout simulations by using HY-STONE
code (Crosta et al., 2004; Agliardi et al, 2009) with a 1-m gridded LiDAR
DEM. As source areas, the rocky cliffs characterized by outcropping ba-
saltic lavas have been considered. A simulation was performed for
each of the 6 volume scenarios, launching 20 blocks from each source
cell (1,529 cells). Modeling parameters have been back-calibrated
from the 2011 event (Table 3, Figures 1s, 2s and 3s).
For each scenario, s, and for each grid cell of the model, HY-STONE
provides raster and vector outputs. Among the raster outputs, the num-
ber of block transits per cell was used to calculate the transit frequency,
ft. The vector outputs consist in points with values of rotational, transla-
tional and total kinetic energy, velocity, and height, sampled at a dis-
tance of 5 m.
In order to obtain for each position in the slope a probability density
of kinetic energy to be used in Eq. (7), we subdivided the study area
in 5 × 5 m squares, and we sampled, within each square, the computed
values of total kinetic energy. To further investigate the distribution of
the kinetic energy and to support the previously discussed assumption
of log-normality, we tested this hypothesis for several squares random-
ly selected along the slope by using Kolmogorov–Smirnov’s test (Figure
7 and Supplemental Figure 4s). In more than 67% of the cases, the best
ﬁt of the data was obtained by a lognormal distribution. Exceptions
are mainly located in areas which are of secondary importance for
hazard assessment, (e.g. very close to cliffs, or in distal portions with
Fig. 7. a) Kinetic energy values sampled along the trajectories for the simulation scenariowith block volume ranging from100 to 1000m3; b) examples of ln(Eknndistribution (squares 1 to
4). Probability density is shown in y axis. Further distributions are provided in Suppl. Fig. 4s.
9S. Lari et al. / Engineering Geology 182 (2014) 3–14fewer trajectories). For these areas, no dominant distribution can be
found for block kinetic energies. This supports the adoption of lognor-
mal distribution thus allowing the use of Eq. (1) in its lognormal form
(Eqs. (8) and (9)). Hence, for each square, the arithmetic mean and
the standard deviation of the logarithm of kinetic energy have been
calculated (Figure 8).
By using Eqs. (8) and (9), we calculated, for each position along the
slope, the hazard curve, where the exceedance probability in 50 years is
expressed as a function of rockfall kinetic energy, Ek. By assuming an
earthquake return time of 500 years, we obtain slightly higher hazard
curves with respect to a return time of 2500 years (Figure 9).Fig. 8. a) Mean values of kinetic energy values and b) standard deviation of kinetic energy value
100 to 1000 m3.By selecting speciﬁc values of probability of exceedance (e.g. 10%
in 50 years) we sampled the corresponding value of kinetic energy
from each of the hazard curves. This represents the kinetic energy
which is exceeded with that probability, and it is referred to each
speciﬁc 5 m × 5 m square, with a speciﬁc location on the slope. Map-
ping kinetic energy values fully probabilistic hazardmaps are obtain-
ed, to be used for land planning and risk management (Figures 10
and 11, Figures 5s and 6s). As expected, hazard maps derived for a
500 years return time earthquake show, for a given exceedance
probability, higher values of kinetic energy with respect to a return
time of 2500 years. The modal values of kinetic energy with ans, sampled in 5 × 5m squares for the simulation scenario with block volume ranging from
Fig. 9. Examples of hazard curves for 10% exceedance probabilities in 50 years, corresponding to earthquake with return time 500 (a) and 2500 years (b). Kinetic energy values exceeded
with 10% exceedance probabilities in 50 years are extracted in correspondence of the black dotted line. Each colored line represents a 5 m × 5 m square hazard curve.
10 S. Lari et al. / Engineering Geology 182 (2014) 3–14exceedance probability of 10% in 50 years are about 60 kJ and 8 kJ for
500 and 2500 years return time, respectively (Figure 11).
6. Discussion
With respect to other quantitative hazard assessment approaches
(e.g. Hovius et al, 1997; Hungr et al. 1999; Stark and Hovius, 2001;
Dussauge et al, 2003; Guthrie and Evans, 2004; Malamud et al., 2004;
Marchi and D’Agostino, 2004; Jakob and Friele, 2010; Santana et al,
2012), the probabilistic landslide hazard analysis here proposed explic-
itly expresses hazard as a function of landslide destructive power, con-
sidering landslide intensity rather than magnitude. This supports the
use of vulnerability and fragility functions, and the assessment of risk.
With a few exceptions (Straub and Schubert, 2008; Spadari et al.,
2013), the above mentioned approaches do not account explicitly forFig. 10. Rockfall hazard maps with 10% exceedance probabilities in 50 yearsuncertainty. For intensity, simple statistics of the expected value are
used (e.g. arithmetic average, maximum value, or a speciﬁc percentile),
neglecting the dispersion and introducing strong assumptions about its
distribution. In the proposedmethodology, we explicitly account for the
uncertainty byusing thewhole intensity distribution in the hazard anal-
ysis. This also allows to obtain hazard curves, which explicitly represent
the probability of exceeding a certain level of landslide intensity within
a deﬁned time period, accounting for uncertainty and integrating differ-
ent magnitude scenarios.
The proposed probabilistic landslide hazard analysis is a ﬂexible
approach, applicable to all typologies of landslides, if necessary
accounting for both their onset and transit probability. However,
its mathematical formulation has to be declined according to the
distribution of landslide intensity values, which has to be veriﬁed
in each speciﬁc case., for an earthquake with 500 years (a), and 2500 years (b) return time.
Fig. 11. Frequency of hazard values of hazard maps with 10% exceedance probabilities in
50 years, for earthquakes with 500 and 2500 years return time.
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probabilistic landslide hazard analysis are:
• the frequency of landslide scenarios, usually as a function of landslide
magnitude;
• an appropriate measure of landslide intensity, which depends on the
type of phenomenon (e.g. kinetic energy, displacement, velocity,
depth);
• an appropriate probability density distribution of intensity; the gener-
al methodological framework can be applied with different intensity
probability density distribution, modifying Eq. (1). The probability
density distribution could vary according to the landslide typology
and the geological and morphological context. For rockfall, a log-
normal probability density function seems suitable. For slow moving
landslides, where the intensity distribution is controlled only by un-
certainty, a normal probability density function should be suitable.
Landslide hazard curves and maps allow a quantitative comparison
with the hazard connectedwith other threats existing in the study area.
As an example, we quantitatively compare rockfall and seismic haz-
ards in the Christchurch area by assessing the expected level of damage
with a 10% exceedance probability in 50 years. For rockfalls, the expect-
ed level of damage induced by a 1 m radius block potentially impacting
a two storey reinforced-concrete building is calculated by using fragility
curves proposed by Mavrouli and Corominas, (2010) for slight, moder-
ate, extensive and complete damage levels. For the same type of build-
ing, the expected damage due to seismic hazard is calculated by using
NZS1170 (2004) earthquake actions for Christchurch, considering a
building natural period ranging from 0.2 to 0.33 s (Filiatrault et al.,Table 4
Application of vulnerability curves to the earthquake and to a 1 m radius rockfall, for a two
storey reinforced-concrete building, considering a building natural period ranging from
0.2 to 0.33. P(D) is the probability of exceeding each damage level DL, and D is the contri-
bution of each damage level to the total expected damage, which results to be 0.0906 and
0.0968 for the earthquake and for the rockfall, respectively.
Damage level DL Earthquake Rockfall
% loss P(D) D P(D) D
DL1 slight 0.02 0.4 0.0046 1 0.0158
DL2 moderate 0.1 0.17 0.006 0.21 0.006
DL3 extensive 0.5 0.11 0.03 0.15 0.075
DL4 complete 1 0.05 0.05 0 0
0.0906 0.09682009), and New Zealand fragility curves (Uma et al., 2008). The expect-
ed levels of damage for the two hazards are similar, and amount to
about 10% of the value of the building (Table 4). In particular, among
the 30 buildings potentially impacted by rockfalls, the majority shows
higher levels of expected damage due to earthquakes, and only 8 due
to rockfalls (Figure 12). This would suggest that seismic hazard is
more relevant than rockfall hazard, except for few buildings lying
below themost dangerous sector of the rocky cliff. However, the analy-
sis was performed considering reinforced concrete buildings, which are
not common in the study area. This is the only building type for which
fragility curves for rockfalls are available. For more common wood-
frame buildings, the fragility to rockfall would be larger with respect
to earthquakes, leading to different expected damages.
A validation of the hazard maps obtained by the applications of the
methodology here presented is quite hard to be performed directly. It
should require the availability of kinetic energy data referred to fallen
blocks, and should be supported by the presence of quantitative data re-
lated to damages and speciﬁc fragility curves. Generally, both these
types of data are extremely difﬁcult to be collected. However, the prob-
abilistic landslide hazard analysis can be validated in its different steps:
onset and propagation. In the proposed case study, a validation of the
runout modeling has been performed through the localization of fallen
blocks and the veriﬁed compatibility with the trajectories simulated by
the runout model, and through the number and position of effectively
damaged buildings.7. Conclusions
The hazard curves are calculated for each position along the slope,
with a spatially distributed approach, leading to the possibility to realize
hazardmaps, which represent, for a deﬁned exceedance probability, the
spatial distribution of intensity along the slope. This opens great possi-
bilities in the use of these hazard maps for land planning and manage-
ment, since they allow both the recognition of areas impacted by
landslide with different level of intensity, given a certain probability,
and the presence of hazard hot spots.
Since the intensity in hazard curves is deﬁned as a measure of dam-
age potential, it can be used directly in vulnerability or fragility curves
for a probabilistic risk analysis, in which the choice of an appropriate
time period over which the probability of exceedance is calculated
(e.g., 1 year, 50 years) may be guided by the lifetime of exposed ele-
ments for which the analysis is performed. Probabilistic risk analysis al-
lows a cost–beneﬁt analysis based prioritization of mitigation strategies
aimed at minimizing damages and danger for people, buildings and in-
frastructures. Moreover, risk analysis could be extremely useful for in-
surance purposes.
Beyond the hazard assessment purposes, a probabilistic analysis of
landslide processes can be used for landscape evolution models. For
rockfalls, a probabilistic analysis can help in modeling the accumulation
of blocks over time, thus simulating lowering of rocky cliffs and the for-
mation of talus or debris fans.Acknowledgements
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Fig. 12. Location of buildings with a higher level of expected damage due to rockfalls and to earthquakes.
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